Complex couplings and feedback among climate, fire, and herbivory drive short-and long-term patterns of land cover change (LCC) in savanna ecosystems. However, understanding of spatial and temporal LCC patterns in these environments is limited, particularly for semi-arid regions transitional between arid and more mesic climates. Here, we use post-classification analysis of Landsat TM (1990), ETM+ (2003), and OLI (2013) satellite imagery to classify and assess net and gross LCC for the Chobe District, a 21,000 km 2 area encompassing urban, peri-urban, rural, communally-managed (Chobe Enclave), and protected land (Chobe National Park, CNP, and six protected forest reserves). We then evaluate spatiotemporal patterns of LCC in relation to precipitation, fire detections (MCD14M, 2001(MCD14M, -2013 from the Moderate Resolution Imaging Spectroradiometer (MODIS), and dry season elephant (Loxodonta africana) aerial survey data (2003, 2006, 2012, 2013). Woodland cover declined over the study period by 1514 km 2 (16.2% of initial class total), accompanied by expansion of shrubland (1305 km 2 , 15.7%) and grassland (265 km 2 , 20.3%). Net LCC differed importantly in protected areas, with higher woodland losses observed in forest reserves compared to the CNP. Loss of woodland was also higher in communally-managed land for the study period, despite gains from 2003-2013. Gross (class) changes were characterized by extensive exchange between woodland and shrubland during both time steps, and a large expansion of shrubland into grassland and bare ground from 2003-2013. MODIS active fire detections were highly variable from year to year and among the different protected areas, ranging from 1.8 fires*year −1 /km 2 in the Chobe Forest Reserve to 7.1 fires*year −1 /km 2 in the Kasane Forest Reserve Extension. Clustering and timing of dry season fires suggests that ignitions were predominately from anthropogenic sources. Annual fire count was significantly related to total annual rainfall (p = 0.009, adj. R 2 = 0.50), with a 41% increase in average fire occurrence in years when rainfall exceeded long-term mean annual precipitation (MAP). Loss of woodland was significantly associated with fire in locations experiencing 15 or more ignitions during the period 2001-2013 (p = 0.024). Although elephant-mediated damage is often cited as a major cause of woodland degradation in northern Botswana, we observed little evidence of unsustainable pressure on woodlands from growing elephant populations. Our data indicate broad-scale LCC processes in semi-arid savannas in Southern Africa are strongly coupled to environmental and anthropogenic forcings. Increased seasonal variability is likely to have important effects on the distribution of savanna plant communities due to climate-fire feedbacks. Long-term monitoring of LCC in these ecosystems is essential to improving land use planning and management strategies that protect biodiversity, as well as traditional cultures and livelihoods under future climate change scenarios for Southern Africa.
Introduction
Dryland ecosystems [1, 2] occupy 41% of the global land surface and support nearly one third of the world's population, concentrated primarily in countries that share a significant portion of the global poverty burden [3] [4] [5] [6] . Across Southern Africa, an estimated 150 million rural and urban residents support their livelihoods through extracting natural resources from semi-arid savannas [7] , including firewood, food, fresh water, traditional medicine, thatching grass, reeds, poles, and other materials for building and crafts [8] [9] [10] . Scarcity of surface water and high rainfall variability make these systems particularly vulnerable to land degradation resulting in the potential loss of ecosystem services [11] , with rural and impoverished communities being disproportionately impacted [12, 13] .
Savannas are defined by the coexistence of shade-intolerant and fire tolerant C4 grasses with tree cover maintained below climate-defined equilibrium values [14] [15] [16] . Proposed mechanisms for tree-grass coexistence in savannas fall broadly into two classes that emphasize either the role of niche partitioning and competition for resources [17] [18] [19] or demographic bottlenecks in tree recruitment mediated by disturbance [20] [21] [22] . Tree-grass ratios in savannas range from areas where grasses are dominant, to woodland savanna where tree cover may approach a closed-canopy state [17, 23] . Water and nutrient limitations, together with individual and interactive effects of disturbance at different life-history stages appear central to tree persistence in savannas [15, 22, 24, 25] . While rainfall and edaphic conditions tend to be the most important factors limiting maximum tree cover in arid savannas where mean annual precipitation (MAP) is less than 400 mm, in savannas where MAP exceeds 650 ± 134 mm, disturbance dynamics exert a greater influence on vegetation structure [21] . In these semi-arid and mesic savannas, the role of fire and herbivory becomes increasingly important for maintaining the coexistence of trees and grasses through positive feedback that prevents woodlands from attaining a closed canopy state [14, 24] .
The semi-arid savanna of northern Botswana provides an important example of a vegetation ecotone situated along a transitional zone between the arid (<400 mm MAP) Kalahari landscape to the south and the more mesic (>1000 mm MAP) Zambezian Baikiaea Woodland ecoregion to the north [26, 27] . Unlike the Kalahari, northern Botswana possesses extensive woodlands composed primarily of Zambezi teak (Baikiaea plurijuga) and Mopane (Colophospermum mopane), commonly in association with Pterocarpus angolensis, and Terminalia sericea. These woodlands provide essential habitat for a wide range of taxa, along with important ecosystem services, including regulating decomposition processes and nutrient cycling, and improving water quality by limiting runoff of precipitation, soil, and contaminants [28] [29] [30] [31] .
Local land managers and communities frequently encounter varying and competing perceptions of land degradation, compounded by a lack of knowledge about the drivers and direction of LCC [32] . In Southern Africa, land degradation is frequently associated with changes in vegetation structure, particularly the loss of mature trees and encroachment of low-growing shrub species into savannas [33] [34] [35] [36] [37] . While expansion of cropland, livestock grazing, and urbanizing land use are frequently cited as driving LCC in sub-Saharan Africa [38] [39] [40] , in northern Botswana wildlife and fire disturbance, together with human encroachment and climate change, are identified as the primary threats to woodland resources [41] .
Remote sensing studies of LCC in northern Botswana have typically focused on relatively short time spans (<10 years), providing limited information about regional change dynamics and emergent management needs [42] [43] [44] [45] [46] [47] [48] [49] [50] . Global-scale LCC monitoring efforts such as the Global Land Cover Network's Africover project and the European Space Agency's Globcover mapping project are currently unavailable for much of Southern Africa or, where available, lack the necessary spatial resolution to detect important changes in land cover, information critical to resource management. Here, we use Landsat Thematic Mapper (TM), Enhanced Thematic Mapper Plus (ETM+), and Operational Land Imager (OLI) satellite images to classify multi-decadal (1990-2013) LCC and assess broad-scale changes in a semi-arid savanna across varying land uses and management. We evaluate LCC in relation to potential drivers including fire, climate, and growing elephant (Loxodonta africana) populations, and provide recommendations for future change monitoring and management needs in semi-arid savannas in Southern Africa.
Materials and Methods

Study Area
The Chobe District of northeastern Botswana (Figure 1 ) is a semi-arid dryland supporting a diverse assemblage of wildlife species and habitats of global conservation significance, including the largest elephant population in Africa [51, 52] . The region has an aridity index between 0.20 and 0.50, calculated as the ratio between mean annual precipitation (MAP) and mean potential evapotranspiration [53] , and is characterized by highly variable rainfall, with nearly the entire annual rainfall budget concentrated during the November-March wet season, followed by a general absence of precipitation from April-October. Wetter and drier periods frequently occur on the order of 5-10 years, with drought conditions associated with the strength of the prevailing El Niño-Southern Oscillation [54] . The Chobe River and its surrounding wetlands provide the only permanent source of surface water for the Chobe District. As a transboundary watershed, the Chobe River Basin is considered a core component of the Kavango-Zambezi (KAZA) Transfrontier Conservation Area, shared by Angola, Botswana, Namibia, Zambia, and Zimbabwe. 
Land Use and Management
Land tenure in the Chobe District consists primarily of state land (national parks, forest reserves, and wildlife management areas), and tribal land (communal areas and commercial agriculture). Communal lands are typically utilized for subsistence livestock grazing and agriculture at a lower intensity than other areas in Botswana due to high wildlife conflict and barriers to cattle movement and production associated with endemic livestock diseases such as the virus that causes Foot-and-Mouth disease (Aphthae epizooticae). Protected areas account for approximately 58% of the District's total land area, of which, the Chobe National Park (CNP) occupies 11,700 km 2 (see Figure 1 ). Six protected forest reserves and extensions are located in the study site: Kazuma, Maikaelelo, Sibuyu, Chobe, Kasane Forest Reserve, and the Kasane Forest Reserve Extension, occupying a combined land area of approximately 4100 km 2 . The town of Kasane is the regional government seat (est. 2011 population 9008) and, together with Kazungula (est. pop. 4133), are the largest urban settlements in the District [55] . The communally-managed Chobe Enclave (1690 km 2 , Figure 1 ), located along the District's northern border with Namibia, is surrounded on all sides by protected areas. The Chobe River floodplain occupies a large portion of the Enclave, with forested areas confined to higher elevations. Human population density is generally low in the Enclave's five main villages, with a combined population of 7500 [55] , approximately 30% of whom work outside of the Enclave [8] . Crop and livestock production and wage employment are the primary economic activities, with a majority of households relying on extraction of natural resources for subsistence purposes [10] .
Data Sources
Landsat satellite images of the Chobe District were obtained from the U.S. Geological Survey with a spatial resolution of 30 m for visible, shortwave infrared (SWIR), and near infrared (NIR) bands, for the years 1990 (Landsat 5 Thematic Mapper; TM), 2003 (Landsat 7 Enhanced Thematic Mapper Plus; ETM+), and 2013 (Landsat 8 Operational Land Imager; OLI) ( Figure 2) . A decadal revisit period was chosen in order to focus on broad-scale LCC in the study area during a period of rapid growth of both elephant [52] and human [55] populations in the District. This time period also includes the implementation of Botswana's National Conservation Strategy (1990), which outlines fundamental ecosystem conservation goals for the country [56] . Timing of green-up and leaf-fall is highly variable in northern Botswana, so we limited our classifications to cloud-free images acquired from 8-28 April during each year of the analysis to minimize seasonal effects on land cover classifications (Table S1 ). Monthly active fire detections from the Moderate Resolution Imaging Spectroradiometer (MODIS; MCD14ML Collection 5.1) available for the period 1 January 2001-31 December 2013 were used to evaluate fire dynamics in the Chobe District. The MODIS sensor detects fires burning in 1 km pixels using a contextual algorithm to apply thresholds to observed mid-infrared and thermal infrared brightness temperature, and rejects false detections by comparing them to values from neighboring pixels [57] . Only fire pixels assigned high-confidence (>75%) were included in the analysis in order to exclude potential false detections [57] [58] [59] . to examine spatial associations between elephants and land cover. Surveys were flown in late August following a stratified systematic transect sampling design and were analyzed using Jolly's method for sampling units of unequal size [60] . Elephant biomass is represented as Large Stock Units (LSU)/km 2 , where one LSU is equal to the metabolic equivalent of a 454 kg cow [52, 61] . Land cover values in the 2003 and 2013 classification maps were extracted within aerial survey units from the corresponding year to determine elephant presence in the different land cover classes.
Satellite Imagery Pre-Processing
Landsat images were standardized onto a common geographic and radiometric scale, and projected to Universal Transverse Mercator (UTM) WGS 84 Zone 34 South prior to classification and analysis. Landsat TM and ETM+ images were processed to surface reflectance using the Ecosystem Disturbance Adaptive Processing System (LEDAPS), while Landsat OLI surface reflectance was calculated using the USGS L8SR algorithm. Multi-spectral data often possess a high degree of correlation among adjacent spectral bands, particularly in semi-arid savanna systems where environmental and ecological variability create a mosaic landscape of diverse plant community assemblages [62] . In this study, we used principal components analysis (PCA) to transform the original multi-band Landsat images to reduce redundancy in spectral data in preparation for land cover classification and change detection. The first three principal components contained >98% of the original information in the multi-spectral datasets for 1990, 2003, and 2013, and were used for all classifications.
Land Cover Classification
We initially classified land cover using an unsupervised Interactive Self-Organizing Clustering (ISO Cluster) approach in ESRI ArcMap 10.2 (Environmental Systems Research Institute, Redlands, CA, USA). Image pixels were grouped into 45 spectral clusters using a sampling interval of 25 cells and a minimum class size of 150 cells, with a 3 × 3 majority filter applied to reduce noise and outliers. Spectral clusters from the unsupervised classification were then assigned to one of six general land cover classes (Table 1 ) using a supervised classification approach based on characteristics defined by the Food and Agriculture Organization (FAO) of the United Nations 2010 Forest Resources Assessment (FRA) [63] . Final class assignments were based on examination of current and historical aerial orthophotography and expert knowledge of the study area and local conditions. Any obvious localized misclassifications were corrected prior to merging polygons of the same grid value in preparation for post-classification change analysis. Table 1 . Land-cover classifications based on 2010 FAO Forest Resources Assessment designations.
Class Description
Water Perennial and seasonally-flooded river channels, water-filled pans, reservoirs, and watering holes Wet/irrigated vegetation Permanent and seasonally-inundated wetland, floodplain, and riparian vegetation; irrigated agricultural land, and water-saturated vegetation surrounding ephemeral water pans.
Grassland
Land cover dominated by grasses with <10% tree and shrub cover.
Woodland
Land with tree cover ranging from open (>10%) tree savanna intermixed with a grass or shrub understory, to closed-canopy (>40% cover) dry deciduous forest.
Shrubland
Land cover dominated by mixed, short woody vegetation (usually <3 m tall) ranging from open shrub savanna (>10% cover) with a discontinuous understory cover of annual grasses, herbs, and occasional tall trees, to thickets (>50%) with little or no grass cover.
Bare/impervious Natural sandy and bare soils; rock outcrops; and impervious surfaces including dirt and tar roads, parking lots, and rooftops.
Classification Accuracy Assessment
We assessed classification accuracy for 2013 land cover assignments using standard confusion matrix cross-tabulation methods [64] . A total of 928 reference sites were selected using a random point generator and existing cover was validated using a combination of field-based ground-truthing conducted in July 2015 and high-resolution orthophotography from 2013. As we were unable to assess classification accuracy for 1990 and 2003 directly due to a lack of suitable reference data, the 2013 training site data were used to calculate proportional error for each class by dividing the number of misclassified cells by land cover contingency table row totals for each time step. Proportional errors for each cover class were then multiplied by the nominal class areas, and summed along each column to derive an adjustment representing upper (omission) and lower (commission) classification uncertainty intervals. We calculated overall classification accuracy with binomial 95% confidence intervals for net LCC using the "caret" package in R by dividing the total number of correctly identified reference points by the total number of sample units in the matrix [64] . Individual class accuracies were computed in a similar manner and include measures of: sensitivity (producer accuracy), specificity (true negatives), detection rate and detection prevalence, and positive predictive (user accuracy) and negative predictive values [65] . Quantity disagreement and allocation disagreement between the 2013 land cover classification and reference data were calculated following methods described by Pontius Jr and Millones [66] , along with omission and commission error for each class. Quantity disagreement derives from a proportional difference between the number of cells of a particular land class in two maps, while allocation is the additional disagreement resulting from a less than optimal match in the spatial allocation of the categories [67] . We also include an unweighted Cohen's Kappa statistic describing agreement of categorical data relative to what would be expected by chance, with values of 1 indicating perfect alignment.
Change Detection
Net and gross LCC were estimated for the Chobe District and communally-managed Chobe Enclave, and for seven protected areas: Chobe National Park, Sibuyu, Maikaelelo, Kazuma, Chobe, Kasane Forest Reserve (FR), and the Kasane Forest Reserve Extension (FRE) using change detection analysis in ENVI version 4.8 (Exelis Visual Information Solutions, Boulder, CO, USA) and in ArcMap v.10.2. Images were coregistered (UTM zone 34S, Datum WGS-84) prior to analysis and for each pixel in the initial state classification the land cover class in the final state image was recorded.
Statistical Analysis
All statistical analysis was conducted in the R open source integrated programming environment [68] unless otherwise noted. A two sample t-test of equal variances was used to test the hypothesis that mean fire occurrence was significantly different in alternating (even and odd) years, and ordinary least squares (OLS) regression was used to analyze the association between total annual rainfall and fire count. We evaluated the influence of elephants on woodland loss by quantifying the total number of pixels within aerial survey blocks from 2003, 2006 , and 2012 that changed from woodland to grassland, shrubland, or bare/impervious from 2003-2013. Woodland loss values were normalized by survey block area (km 2 ) and elephant data for the three years were grouped into low (<10), medium (10.1-20) , and high (>20) elephant biomass (LSU/km 2 ) for analysis. We assessed the relationship between woodland loss and fire in a similar manner by calculating the total number of woodland loss pixels within a 1 km radius buffer around MODIS active fire detections. Fire counts were grouped into low (≤5), medium (6) (7) (8) (9) (10) (11) (12) (13) (14) , and high (≥15) classes for analysis.
We initially fit OLS regressions and tested for the presence of spatial autocorrelation in model residuals using a Global Moran's I statistic. Significant spatial autocorrelation was present in OLS model residuals comparing woodland loss and fire count (0.014, p < 0.0001) and woodland loss and elephant biomass (0.273, p < 0.0001). As result, we fit generalized least squares (GLS) regressions to these data in the R package "nmle" [69] using five autocorrelation structures: exponential, Gaussian, spherical, linear, and rational quadratic. The GLS methodology has been extensively applied to analyze and account for the influence of spatial correlation in a wide range of ecological data [70] . Akaike Information Criterion (AIC) estimation was used to select the best performing model based on lowest delta AIC. A square root transformation was applied to the woodland loss data to satisfy assumptions of normality and verified using normal qqplots.
In addition, we conducted an optimized hot spot analysis of fire clusters using Getis-Ord Gi* in ArcGIS (v. 10.3) following integration and event collection of fires occurring within a 10 km-radius neighborhood. Getis-Ord Gi* identifies statistically significant spatial clusters of high values (hot spots) or low values (cold spots) based on z-scores and p-values for each feature. Fires in the neighboring countries of Namibia, Zambia, and Zimbabwe were included in the hot spot analysis to assess potential fire spread into the Chobe District across international borders.
Results
Land Cover Classification Accuracy
Spectral clusters from the unsupervised classification were assigned to one of the six general land cover classes according to the definitions in Table 1 . Overall disagreement between 2013 land cover classifications and the training data was 13%, the majority of which was due to differences in class allocation (Figure 3a) . Omission error was higher than commission error for grassland and bare/impervious cover, indicating a tendency to underestimate these classes across the study area domain (Figure 3b) . A full accounting of contingency table results for land cover classification accuracy compared to reference data and a summary of accuracy assessment statistics are included in Tables S2  and S3 , respectively. Overall classification accuracy was 0.867 (95% CI 0.843, 0.888) with a Kappa coefficient of 0.832, indicating generally low misclassification error, with the highest confusion arising between woodland and shrubland. 
Summary of Gross LCC
Estimates of gross change among the different cover classes highlight the complex and dynamic nature of LCC across the Chobe District (Table S4 ). The magnitude and direction of gross percent change among woodland, shrubland, grassland, and bare/impervious cover from 1990-2003 and 2003-2013 are summarized in Figure 8 . Over the study period, woodland lost 4317 km 2 to shrubland, while gaining an estimated 2788 km 2 from shrubland in return (Table S4) Figure 8 , the majority of change from water was to wet/irrigated vegetation, while wet/irrigated vegetation predominately changed to grassland Table S4 ). 
Spatiotemporal Analysis of Fire, Rainfall, and Woodland Loss
Fire was almost entirely a dry season phenomenon in the Chobe District with activity peaking during the period August-October (Figure 10a ) when more than 85% of fires in the study area were detected. In contrast, only 11 fires were detected during the wet season from December-March. The timing and location of fires prior to the arrival of convective storms typically associated with lightning production, suggests the majority of fire ignitions were anthropogenic in origin. While the CNP had the most ignitions of any protected area, it had comparatively few fires per year by total land area (Table 2) , while Kasane FRE and Kazuma FR had the highest fire incidence.
Fire counts were highly variable from year to year, with more active fires recorded in years with higher rainfall (Figure 10b ). OLS regression comparing annual fire count and total annual rainfall over the period [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] was not significant at the alpha 0.05 level; however, regression residual versus leverage plots indicated 2010 and 2011 as potentially influential outliers, and the fitted regression model excluding these two years was significant (F(1,9) = 10.9, 95% CI (0.388, 2.08), p = 0.009) with an adjusted R 2 = 0.50, compared to an adjusted R 2 = 0.04 for the full model. High fire and low fire years tended to alternate biennially, with a significantly greater number of fires in even years (excluding 2010 and 2011) (df = 9, t = 2.78, p = 0.02). Higher total annual precipitation was associated with a 41% increase in mean fire occurrence in years when rainfall totals exceeded the long-term MAP of 632 mm.
Comparing the spatial distributions of woodland loss and fire data shows woodland loss increased from low to high fire groups (Figure 10c ). However, gls regression results show woodland loss was significantly related to fire (p = 0.024) only in locations experiencing more than 15 fires during the observation period (Table 3 ). (6) (7) (8) (9) (10) (11) (12) (13) (14) , and high (≥15) classes. Table 2 . Summary of fire frequency for the Chobe District, Enclave, and protected areas. Mean detection confidence levels for each location are included, along with an area-weighted annual fire index (AFI), calculated by dividing average annual fire frequency by total land area (fires*year −1 /km 2 ), representing a straightforward way of comparing fire incidence in analysis units of varying size. 
Geospatial Analysis of Fire Hot Spots
Fire density was high in unprotected land between the Kazuma and Maikaelelo FRs with significant fire hot spots clustered temporally and spatially in areas where harvest of thatch materials is permitted from September to October (Figure 11 ). Another large cluster of fire hot spots was centered near the agricultural fields of Pandamatenga and were associated with clearing of agricultural land. Fire density was also high in several protected areas (Kazuma, Maikaelelo, and Kasane FRE), but was generally low in the central and southern CNP and Chobe FR, with numerous fire cold spots indicating significantly fewer fires than predicted compared to neighboring land. Fire hot spots along the Botswana side of the Chobe River were predominately confined to within~5 km of the river course and decreased in number towards the interior of the Enclave. In contrast, significant fire hot spots on the Namibian side of the river extended into the Bamunu and other communal land conservancies surrounding Mudumu National Park in Namibia, but declined abruptly along the western border of Salambala Conservancy, as well as in neighboring portions of the Enclave. (Figure 12a) , however, we found no significant difference in woodland loss among survey blocks with low, medium, or high elephant biomass (Table 3) , despite evidence of elevated woodland loss in survey blocks with high elephant biomass (Figure 12b ). 
Discussion
Chobe District Net and Gross LCC
Spatial distributions of tree, shrub, and grass communities varied considerably in the climatically unpredictable, semi-arid savanna of northern Botswana, influenced by interdependent environmental and anthropogenic forcings over decadal time periods. Rapid land cover transitions within savanna biomes can be driven by complex nonlinear feedbacks between biophysical and human systems at local, regional, and even global scales [14, 71] . For example, recent evidence suggests increasing levels of atmospheric CO 2 may play a significant role in the expansion of woody plants in savannas by favoring regrowth following injury from fire or browsing [72, 73] and inducing plant water-saving [74] . Changes in fire frequency due to increasing rainfall variability related to global climate warming, as well as human activity, may greatly impact the distribution of trees and grasses in Southern African savannas [54, 75] .
Our analysis found net LCC in the Chobe District from 1990-2013 was characterized by a decrease in woodland cover accompanied by expansion of shrubland. The observed woodland decline of 16% (1514 km 2 ) was in line with United Nation's FAO estimates that Botswana lost approximately 20% of its forested area from 1990-2015 [76] . Woodland declined at a faster rate across the District from 1990-2003 compared to 2003-2013, driven primarily by losses to shrubland (Figure 8 ). Shrubland underwent extensive expansion during the second time step, with the majority of gains occurring in bare/impervious and grassland (Figure 8 ). In contrast, grassland gained across the District during the first time step when conditions were drier, but subsequently lost 1321 km 2 (942 km 2 , 33% to shrubland) from 2003-2013 (Figure 8 , Table S4 ). Bare/impervious cover also varied considerably over the different years of the analysis. Large bare/impervious gains from 1990-2003 in the southwest of the study area around the Savuti marsh were followed by a large decrease from 2003-2013, likely associated with changes in water flow into the Savuti channel and surrounding wetlands, which only began receiving water again in 2010 after an extended dry period [77] . Bare/impervious gains around the towns of Kasane and Kazungula in the northeast of the District, on the other hand, were associated with urban expansion and infrastructure development driven by a 32% increase in population between 2001 and 2011 [55] . Net changes in open water and wet/irrigated vegetation were relatively small compared to total District land area, but were highly variable and primarily related to seasonal flooding of the Chobe River and associated wetlands.
Gross (class) changes at the landscape level were dominated by exchange between woodland and shrubland ( Figure 8, Table S4 ), further illustrating the nonlinear nature of LCC in the study area. Exchange occurs when a pair of pixels is classified as category "A" in the first map and as category "B" in the second map, and vice-versa [67] . Woodland losses to shrubland were higher during both time steps, although the rate of exchange among the two classes increased by approximately 10% from 2003-2013 when conditions were wetter. Such high rates of exchange between shrubland and woodland over decadal time periods may be a common feature of transitional savannas situated between arid and more mesic climate zones. In semi-arid savanna, woody vegetation growing on nutrient-poor soils maintains a large fraction of biomass below ground [78, 79] . C. mopane in particular, which is widespread in the south of the Chobe District, may coppice or persist in low shrub form under unfavorable drought conditions or following disturbance, quickly returning to a taller, more closed-canopy state once conditions improve [79] . Observations of woody vegetation growing on Kalahari sand in the study area have noted large areas of shrub savanna have developed into woodland since the 1990s [42, 48] . Despite a net loss from 1990-2003, our results indicate woodlands in the Chobe District may undergo expansion even during prevailing drought conditions in locations where fire disturbance remains low to moderate. Woodland gains in bare/impervious cover provide additional evidence of the rate of successful establishment of tree seedlings following fire or other significant disturbance, with 15% of bare ground becoming woodland on average during each 10-year time step (Figure 8 ).
LCC in Protected Areas
Woodland losses were generally higher in the protected forest reserves (FRs) compared to the Chobe District and Chobe National Park (CNP), where woodland grew by 20% (702 km 2 ) from 1990-2013, possibly reflecting differences in natural resource management strategies. For example, while the CNP is considered a "no access" area in regards to natural resource extraction, limited subsistence and commercial harvesting of forest resources is allowed in FRs through a government permit system. Similar results were observed for protected areas in East Africa, where only national parks increased their forest area between 2001 and 2009, while forest reserves, nature reserves, and game parks were all more likely to lose forest cover [80] . Wilcock et al. [81] , in contrast, found that deforestation in Tanzania shifted to net increases in forest cover once legal protection had been established. However, all the protected areas examined in their study were established more than 50 years prior to the final time step of the analysis (2000), allowing more time for forests to recover.
With the exception of Kasane FR and the CNP, which were created in the late 1960s, the protected areas in the Chobe District were all established after 1980. De-gazetting of protected land during the late 1990s for residential and commercial expansion likely contributed to woodland losses in Kasane and Kazuma FRs. High woodland losses observed in several FRs from 1990-2003 may also be related to commercial logging, which began in the 1930s and greatly reduced the areal coverage of mature trees, particularly Bloodwood (Pterocarpus angolensis) and Zambezi teak (Baikiaea plurijuga) [42, 82] . Growing concerns about economic sustainability, along with a lack of concessionaire adherence to contractual agreements, led the government to suspend commercial timber harvesting operations in the forest reserves in 1994 [63, 83] . Woodland area also declined in the communally-managed Chobe Enclave over the period 1990-2003, but grew from 2003-2013. A Community-Based Natural Resources Management (CBNRM) framework was implemented in the Enclave beginning in the mid-90s, and has increasingly focused on preserving forests due to their significance to rural livelihoods [84] .
Drivers of Land Cover Change
Rainfall and Fire
Short-term climate variability at inter-annual time-scales, together with strong climate-plant couplings and non-linearities inherent in the system can greatly influence savanna plant community structure and composition, and its response to external forcings [24, [85] [86] [87] [88] . Total annual rainfall had a significant positive influence on fire occurrence in the Chobe District from 2001-2013. High fire and low fire years tended to alternate biennially in the Chobe District, a pattern found to contribute to significantly higher mean fuel loads in long-term burn experiments conducted in well-wooded savanna in South Africa [89] . Greater plant biomass in high rainfall years can facilitate dry season fire spread when moisture content of vegetation is lowest [89] and we observed a 41% increase in fires during years when total rainfall exceeded the long-term MAP of 632 mm (Figure 10b ). Loss of woodland was significantly higher in locations experiencing 15 or more fires from 2001-2013, but did not differ significantly among areas that burned less frequently, suggesting that a threshold exists below which woodlands may be able recover from fire disturbance in the region. Unprotected land between the Maikaelelo and Kazuma FRs burned at a significantly greater frequency than surrounding land, with many fires coinciding temporally with dry season harvesting of thatch materials permitted only from September to October. Increased plant biomass during high rainfall years improves the condition of thatch, but may also contribute to fire spread due to accidental ignitions from escaped campfires used by grass cutters. Similarly, fire hot spots in communal land along the Chobe River in the communally-managed Enclave appeared to be influenced by the large concentration of fires across the border in Namibia's Caprivi Strip where people frequently burn reeds and floodplain vegetation to clear land for livestock. Moderate climate change scenarios for the Chobe District and the greater KAZA region predict annual rainfall to decrease by more than 100 mm by the year 2080, while interannual rainfall variability is predicted to significantly increase [90, 91] . Given the dynamic feedback between rainfall and fire, climate change impacts on woodlands and the ecosystem services they provide to local communities are likely to be complex.
Woodland Change and Elephants
Over-browsing by elephants is frequently cited as one of the most important drivers of woodland degradation in the Chobe District [92] , particularly within the riparian corridor of the Chobe River where elephant and other water-dependent wildlife congregate at high densities during the dry season [45] [46] [47] 49] . Ben-Shahar [48] found that while the proportion of woody plants utilized by elephants increased with proximity to the Chobe River, browsing damage was extremely patchy with some sites little used by elephants and patches varying in size by plant species diversity. Our analysis showed that elephants were predominately associated with woodland and shrubland in dry season aerial survey units (Figure 12a ). However, we did not detect any significant differences in woodland loss in aerial survey units with higher versus lower elephant biomass for the years 2003, 2006, and 2012. These results suggest that elephant populations are not contributing significantly to the loss of interior woodlands, despite average annual increases in the regional elephant population of between 5.5% and 7% since the 1960s [93, 94] .
Fire Management Implications
The vast majority of fires in the Chobe District occurred late in the winter dry season (Figure 10a ) prior to the arrival of convective storms typically associated with lightning production, which suggests the majority of fire ignitions were from anthropogenic sources. Experimental studies have shown that frequent fires in the late dry season can lead to large reductions in the amount of woody vegetation cover compared to those occurring in wet season [95] . Frequent dry season fires are also associated with an increase in multi-stemmed coppicing contributing to the dominance of trees of lower stature [89] . High grass yield in high rainfall years can lead to intense fires as grasses become desiccated during the dry season, which may in turn impose a strong demographic bottleneck on tree establishment and recruitment by increasing mortality of seedlings and saplings [96] . In addition to identifying the primary anthropogenic causes of fire, careful implementation of controlled fuel load reduction fires or thinning in areas identified as significant fire hot spots may present a useful tool in the management of the Chobe District's forest resources. In high rainfall years, shifting a proportion of fires to the late summer wet season or earlier in the dry season could be another means to reduce the frequency and intensity of dry season fires and limit fire spread in managed forest reserves [89, 97] . Natural resource managers will need to carefully consider the impacts of fire season, frequency, and intensity, in their fire policy development, as these factors can significantly influence vegetation cover at a range of growth stages, in addition to affecting other aspects of biodiversity [89, 95] . Understanding of the complex spatial interactions between fire, vegetation dynamics, human and wildlife activities, and climate drivers in dryland savanna will be essential to developing greater predictive capacity and improving adaptive fire management strategies.
Limitations
In this study, we used a hybrid unsupervised ISO Cluster supervised maximum likelihood approach to classify land cover based on contextual knowledge [98] . Our use of PCA helped reduce spectral overlap and redundancy of image data, which has been shown to improve model discrimination between vegetation and bare ground in savannas [99] . While the overall accuracy of our classification was 86.7% (95% CI 0.843, 0.888) with a Kappa coefficient of 0.832, it is important to note that any land cover classification will contain error, and this is particularly true for semi-arid savanna systems where environmental variability creates a mosaic landscape of diverse plant community assemblages [62] . Our classification targeted broad scale LCC patterns at decadal time scales; hence, we may have failed to detect patterns occurring at a smaller scales, such as shifts in woodland community structure or functional diversity. To overcome these limitations, very high resolution satellite data may be used to extend and improve the existing analysis [100] , particularly within the narrow riparian zone of the Chobe River. Use of spectral unmixing methods in combination with hyperspectral data has the potential to improve classification accuracy in structurally complex landscapes [101] . We did not examine potential interactions between elephants and fire, variations in fire intensity, or specific anthropogenic forcings on woodland loss, and future research may focus on integrating multi-disciplinary approaches, such as analysis of stakeholder interviews and additional field observations [102] to provide further information on potential drivers and impacts of LCC in northern Botswana.
Conclusions
We classified multi-decadal changes in land cover in the semi-arid Chobe District in northeastern Botswana using post-classification analysis of Landsat datasets from 1990, 2003, and 2013. We observed a long-term trend of decreasing woodland cover and increasing shrubland. However, LCC was not strictly linear in nature, with substantial spatiotemporal variation in land cover trajectories across the study area. Grassland and bare/impervious cover, in particular, increased from 1990-2003 but declined substantially during the subsequent time step. MODIS active fire detections varied greatly year to year and among the different protected areas, with the forest reserves and communally-managed lands tending to burn more frequently than the Chobe National Park. Fire frequency increased in years of high rainfall, particularly when annual rainfall exceeded the long-term MAP of 632 mm. However, loss of woodland was significantly associated with fire only in locations experiencing 15 or more ignitions during the period 2001-2013. Although elephants are often cited as a major cause of woodland degradation in northern Botswana, we did not detect significantly higher woodland losses in areas of high elephant biomass estimated from aerial surveys.
Changes in fire frequency as a result of increased climate variability across the Southern African region may have profound effects on the distribution of woodlands in savanna systems. The Chobe District's transitional location between more arid and mesic climate zones makes it an important model system for the study of the role of disturbance in mediating tree-grass dynamics. Our analysis contributes to improving understanding of long-term land cover changes and savanna ecosystem dynamics, in particular, fire effects on woodland cover stability. The wealth of ecosystem services provided by semi-arid savannas in Southern Africa, coupled with their vast land area, further increases the importance of satellite remote-sensing for monitoring disturbance and change in both naturally-functioning and human-impacted ecosystems. Given the dynamic nature of LCC in the region, land managers should take a long-term approach to understanding change dynamics, in order to correctly identify and isolate emergent threats to vital natural resources and rural livelihoods. Tables S1-S4. 
